Broadacre agriculture is a major emitter of greenhouse gases (GHG). To improve efficiency of climate change policies, we need to know the marginal abatement costs of agricultural GHG. This article combines calculations of on-farm GHG emissions with an input-based distance function approach to estimate the marginal abatement costs for a broadacre farming system in the Great Southern Region of Western Australia. The results show that, in the study region, the average marginal abatement cost for the 1998-2005 periods was $29.3 per tonne CO 2 -e. Farms with higher crop output shares were found to have higher marginal abatement costs. Overall, our results indicate that broadacre agriculture is among the lowest cost sources of GHG mitigation.
Introduction
Australia, like many parties to the United Nations Framework Convention on Climate Change, is adopting policy mechanisms to mitigate emissions of greenhouse gases (GHG). The Carbon Farming Initiative, a voluntary carbon offsets scheme that commenced in December 2011, allows farmers and land managers to earn carbon credit through changes in agricultural management practices (Department of Agriculture 2014). If agricultural land use and management changes prove to be a low-cost, effective abatement option relative to mitigation activities in other sectors, the proposed Emissions Reduction Fund may also fund abatement activities in agriculture (Australian Government 2014) .
Broadacre agriculture, including mixed cropping-livestock systems, is Australia's largest agricultural sector, contributing more than half of the gross value of agricultural production in (ABS 2011 . In 2010, agriculture was also the second largest source of Australia's GHG emissions, accounting for about 15 per cent of net national emissions (National Inventory Report 2012) . Given the high share of agriculture in Australia's GHG emissions, the potential contribution of broadacre agriculture to GHG abatement is considerable.
Estimating the marginal mitigation or abatement costs (MAC) of GHG emissions in Australian broadacre agriculture is important. Economic theory suggests that the MAC should be equalized across sectors to achieve the most efficient mitigation across the economy (Baumol and Oates 1988) . However, in reality, different sectors have diverse cost characteristics. So in practice there are gains to be made by allowing lower cost sectors to contribute more to emission reduction (Wei et al. 2013) . Estimating the MAC is therefore essential to evaluate the cost-effectiveness of abatement options in agricultural sector. It will also help the government to identify a reference or benchmark price -the maximum amount to pay per tonne for emissions mitigated (Australian Government 2014) -with only bids costing less than the benchmark price being considered for selection in an auction-based or similar mechanism for the purchase of carbon credits.
Few previous studies have investigated the MAC of GHG emissions in the context of Australian broadacre agriculture. To the best of our knowledge, only Grace et al. (2010) estimated the MAC of soil carbon sequestration, using an econometric model and data for south-eastern Australia. So far, no study has assessed the MAC for mixed cropping-livestock broadacre farms in Australia using farm-level panel data.
Nevertheless, some research effort has been devoted to estimating average abatement costs in broadacre agriculture (Appendix S2). Flugge and Abadi (2006) , Kragt et al. (2012) and Thamo et al. (2013) used the bio-economic optimisation model Model of an Integrated Dryland Agricultural System (MIDAS) to evaluate abatement costs of various carbon credit generating activities in the Wheatbelt region of Western Australia (WA). Average abatement costs were calculated as the difference between optimized farm profits obtained with and without GHG abatement activities. In a study focusing on the Wet Tropics region of Queensland, Hunt (2008) estimated average abatement costs using a net present value approach where abatement cost is measured as the present value of the total economic cost incurred to sequester a tonne of carbon in a plantation. All these four studies concluded that the average costs of agricultural abatement would be higher than 50 Australian dollars per tonne of CO 2 equivalent.
This study analysed the MAC of GHG in crop-livestock broadacre farming. The analysis uses an input distance function estimated using farmlevel panel data from the Great Southern Region of Western Australia, a region with semi-arid Mediterranean climate.
The rest of the article is organised as follows. In Section 2, we describe the parametric input-based distance function approach and the GHG emissions calculation methods. We then present the study region and farm data in Section 3. In Section 4, we report the estimates of GHG emissions and marginal abatement costs. Section 5 discusses our estimates results, and Section 6 concludes.
Method
We estimate MAC within the framework of a multiple-input multiple-output production technology using an input-based distance function. Outputs include crop, livestock and GHG emissions. Farm-level agricultural GHG emissions are estimated using the method described in Australian National Inventory Report (2012).
Parametric input-based distance function approach
The shadow price derived from a distance function approach reflects the trade-offs between desirable and undesirable outputs. It can thus be treated as the opportunity cost or MAC of an undesirable output (F€ are et al. 1993 ).
Many studies have used different types of distance function to estimate the MAC for industrial pollutants. Coggins and Swinton (1996) , Hailu and Veeman (2001) , Van Ha et al. (2008) and Park and Lim (2009) used the parametric translog output-based distance function to estimate the MAC for some pollution-intensive sectors. Hailu and Veeman (2000) and Lee and Zhang (2012) applied the parametric translog input-based distance function to evaluate MAC for industrial undesirable outputs in Canada and China, respectively. Cuesta et al. (2009) proposed a translog hyperbolic distance function to calculate the MAC of SO 2 in 209 US electric utilities. Other studies relied on the quadratic directional output distance function to measure the MAC of some poisonous pollutants Murty et al. 2007; Molinos-Senante et al. 2011; Wei et al. 2013 ). In addition, O'Donnell and Coelli (2005) used the distance function approach to analyse European railways and examine output shadow price ratios. To date, there have been no studies using the distance function approach to estimate shadow prices for agricultural GHG. We follow the parametric input distance function approach proposed by Hailu and Veeman (2000) . This approach credits the technology for both the increase of desirable outputs and for the reduction of undesirable outputs (Hailu and Veeman 2000) . For the case of a production technology using N inputs to produce M desirable and undesirable outputs, the input distance function is defined as follows:
where x and u are the input and the output vectors, respectively, t is the time trend variable, Y(t) is the production possibility set at time t, and h is a scalar. The input distance function estimates the maximum proportion by which the inputs can be deflated with given outputs and technology (Shephard 1953) . The value of the input distance function is bigger than one, if there is technical inefficiency; otherwise it is one. In other words, one could represent the technology set as the combinations of inputs and outputs for which the value of the distance function Dðu; x; tÞ ! 1. Therefore, the solution to the cost minimisation problem can be stated as:
where p 2 R N þ is the input price vector. Equation (2) reflects the duality relationship between the cost and input distance functions because of Shephard (1970) . Applying the envelope theorem on the first order conditions, Equation (2) yields the following shadow price formula: r u Cðu; p; tÞ ¼ ÀKðu; p; tÞ Á r u Dðu; x; tÞ; ð3Þ r u Cðu; p; tÞ ¼ ÀCðu; p; tÞ Á r u Dðu; x; tÞ: ð4Þ
Equation (3) follows from the first-order conditions for the solutions to Equation (2). Equation (4) holds since the Lagrangian multiplier (Λ) has the same value as the optimised cost function in this case. The shadow price of a given output is the additional costs that the production of an additional unit of the output entails (Hailu and Veeman 2001) , in terms of foregone quantities of another and can be stated as:
where p i is the shadow price (MAC) of undesirable output u i , and p j is the shadow price of desirable output u j (Hailu and Veeman 2000) . Thus, the shadow price can be calculated as the marginal rates of transformation between undesirable output and desirable output converted into monetary terms using the market price for the latter. The shadow price reflects the trade-off between the desirable output u j and undesirable output u i ; the amount producer needs to pay for the reduction of one more unit of u i in terms of the foregone units of u j . We estimate the parameters of the distance function using mathematical programming techniques, which is popular in the literature partly because of the ease with which theoretical restrictions can be imposed as part of the estimation (Leleu 2006; Hern andez-Sancho et al. 2010; Hailu and Chambers 2012; Zhang et al. 2014) . A translog functional form is chosen because it is flexible and thus provides a second-order approximation to the technology of unknown production for the input-based distance function. Furthermore, the linear homogeneity property can be imposed globally with a translog functional form:
a n a n 0 ln x n ln x n 0
The objective of the mathematical programming approach is to minimise the sum of the logarithmic values of the distance function:
where T is the number of observations. Equation (7) is solved under the following constraints: 
ðC6Þ a nn 0 ¼ a n 0 n ;
Constraint C1 ensures that all observations are feasible, implying that each observation is located either on or within the technology frontier. Constraint C2 imposes the monotonicity condition indicating that the input distance function is nonincreasing in inputs. Constraint C3 requires that the distance function is nonincreasing in desirable outputs, while C4 ensures that the function is nondecreasing in undesirable outputs. That is, desirable outputs can be freely disposed but pollution abatement is costly. Constraints C5 and C6 ensure the homogeneity and symmetry conditions, respectively. To implement this estimation technique, we use APEAR, an R package developed by Hailu (2013) .
Calculating GHG emissions
The methods used to estimate GHG emissions in the Australian Government National Inventory Report (2012) conform to the emission calculation methodology provided by the Intergovernmental Panel on Climate Change, but with parameters adjusted to Australian circumstances (Russell-Smith et al. 2009; Brock et al. 2012) . The computation of GHG emissions assumes linear relationships between emissions and farm abatement activities through the use of emission factors for each of the emissions sources, as is common practice in the literature (Grace et al. 2010; De Cara and Jayet 2011; Bakam et al. 2012) .
We modify the method used in the Australian Government National Inventory Report (2012) by replacing the national default values of some emission factors with local numbers to reflect the characteristics of a regional agricultural system (see Appendix S1). For further details of emission calculation assumptions and formulas used in this study, the reader is referred to Appendix S1 and Chapter 6 of National Inventory Report (2012) .
The following sources of on-farm emissions are included: crop residues, fertiliser application, livestock (including enteric fermentation and livestock manure) and nitrogen-fixing crops. We convert GHG emissions to carbon dioxide equivalents (CO 2 -e) using a global warming potential equivalence value of 1 for CO 2 , 21 for CH 4 , and 310 for N 2 O (National Inventory Report 2012).
Study region and farm data
The Great Southern Region of WA comprises approximately four million hectares and is a typical broadacre agricultural region with most farms engaged in a mix of cropping and livestock enterprises (Schirmer et al. 2005 ; Figure 1) . The region has a semi-arid Mediterranean climate receiving medium rainfall, with annual averages between 400 and 500 mm. Most of the precipitation occurs over the winter and spring months of May-October (Western Australian Planning Commission 2014).
The empirical analysis uses farm data for 29 farms that have complete data for the 1998-2005 period. Marketed (desirable) farm outputs are grouped into crop outputs and livestock outputs. Inputs are categorized into land, labour, capital, and materials and services. Since rainfall has a significant impact on cropping practices in this region (Garlinge 2005) , growing season rainfall (GSR) is also included as an input in our distance function model. Details of the grouping of variables in the outputs and inputs are described in Table 1 . Descriptive statistics for the data are presented in Table 2 . The data were obtained from Ross Kingwell in the Department of Food and Agriculture Western Australia (DAFWA).
During the study period, crops made up a larger proportion of farm total output than livestock did. The percentage of crop output in total output increased from 70. with regional characteristics (ABS 2014). About 55 per cent of annual effective land was used for cropping, and the rest had been allocated for pasture or livestock. Wheat, barley and canola were the most important crops both in terms of land use and output shares (Table S2 in Appendix S2). The dominant livestock were sheep, mostly Merino breeds. The main livestock products were wool and sheep, accounting for more than 90 per cent of 
Growing season rainfall (GSR)
Actual rainfall recorded at each farm in each growing season of the data period †We grouped the outputs and inputs basing on the grouping method used in Islam et al. (2014) . livestock output. Average farm area for the sample exceeded 2,000 ha. These numbers are in line with survey results from Australian Bureau of Statistics for this region (ABS 2015). Farm sizes grew at an average rate of 3.3 per cent per year over the study period, which is consistent with regional trends (Schirmer et al. 2005) .
The farms in our sample received annual rainfall of 451 mm, representing the typical precipitation in this region (Holper 2011) . The mean GSR for all farms in the dataset was 335 mm. The lowest level of GSR happened in 2000 (212 mm), while the highest occurred in 2005 (492 mm).
Results
Below, we first report the estimates of farm GHG emissions that have been generated for each case study. This is followed by a presentation of the estimates of agricultural MAC. (Kingwell and Metcalf 2009; Thamo et al. 2013) .
Farm GHG emissions estimates
Livestock and nitrogen-fixing plants (mainly legume pastures) were the largest emission sources, accounting for 63.8 and 25.5 per cent of total farm GHG emissions, respectively. Fertiliser use and crops contributed 10.2 and 0.5 per cent to total emissions. Other studies have also found that livestock produces the largest share of GHG emissions in broadacre agriculture (Kingwell and Metcalf 2009; Thamo et al. 2013) .
The lowest mean per hectare GHG emissions were observed in 2002, when GSR was below the average level (Figure 2) . In this region, there is a positive correlation between GSR and emissions (Figure 2 ). Continued dry weather caused a decrease in sheep numbers and reduction in fertiliser applica- tion, thereby reducing GHG emissions. In 2004, severe drought also occurred in the study region and therefore emissions in that year were also relatively low.
Marginal abatement cost (shadow price) estimates
As discussed in Section 2.1, shadow prices can be interpreted as the opportunity cost of pollution abatement for the producer, expressed in terms of forgone desirable outputs. The shadow prices are shown in Figure 3 . Since all farms in our sample produced crops, and because crops make up a dominant proportion in farm total output (Table 2) , the MAC of GHG is evaluated with respect to crop prices when Equation (5) is applied. The estimated coefficients of the input distance function are reported in Appendix S2. All prices reported in Section 4.2 are measured in 1998 Australian dollars. The calculated MAC was less than $31 throughout the study period. From 1998 to 2005, the average MAC in the dataset was $19.09 per tonne CO 2 -e (in 1998 Australian dollars). The average MAC increased over time: from $7.38 in 1998 to $30.15 in 2005 per tonne of CO 2 -e. Figure 4 shows the relationship between mean crop output share and mean GHG MAC for each of the farms in our dataset. Farms with higher crop output shares have higher MAC. For most farms, crop output accounted for about 75-85 per cent of total output, while their MAC was around $15-30 per tonne CO 2 -e. 
Discussion
Our estimates show that the MAC of GHG abatement in broadacre agriculture has increased over time. This increase can be partially explained by higher market prices for agricultural products. In Australia, prices received by farms for agricultural products increased by 16.4 per cent over the 1998 -2005 period (ABARES 2010 . This growth in market prices will increase the dollar value of output foregone for mitigating an extra unit of GHG, therefore increasing the opportunity cost of GHG abatement.
The empirical results also show that farms with higher crop output shares have higher MAC. This is because, in this mixed agriculture system, farms with a higher crop output share have relatively lower GHG emissions than farms with more livestock and legume pasture area. Farms with a relatively large share of land allocated to cropping will not be able to readily reduce their emissions by reducing legume pasture or livestock. Their ratio of marginal abatement to total GHG emissions is high, resulting in higher MAC than farms with a relatively large share of land allocated to legume pasture or livestock (for whom the ratio of a marginal unit of abatement against total GHG emissions is lower). Given the relationship between crop output share and abatement cost demonstrated in this study, a GHG abatement policy could take into account the heterogeneity in crop output share among farms. Instead of offering a fixed incentive to all farms for GHG mitigation, policymakers could consider policies that reflect the variations in MAC. Depending on the objectives of the policy, decision-makers should consider designing incentive schemes that exploit these differences to maximise reduction to social cost ratio.
We compare our estimates with other recent studies. Since few studies have estimated MAC of agricultural GHG emissions in Australia, we include studies that estimated average agricultural abatement costs. We plotted our estimated MAC values and estimates from five recent Australian agricultural abatement studies in Figure 5 . All prices are converted into 2013 Australian dollars using a CPI-based inflation calculator from the Reserve Bank of Australia. Among those studies, only Grace et al. (2010) estimated MAC, while the other studies calculated average abatement costs. Results from previous studies vary between $50 and $80 per tonne CO 2 -e, depending on the scope, location, climate and model used (see Appendix S2). Our results yield a MAC of $29.3 per tonne CO 2 -e (in 2013 Australian dollars), much lower than the results of other studies ( Figure 5 ). While some of the differences between our estimates and those of other studies may stem from a difference in farming This study Thamo et al. (2013) Flugge and Abadi (2006) Hunt (2008) Grace et al. Kragt et al. (2012) A$/tonne CO 2 -e Western Grain Region Wet Tropics, Queensland Southern Grain Region systems analysed (Grace et al. 2010; Hunt 2008) , three of the studies in Figure 5 (Thamo et al. 2013; Kragt et al. 2012; Flugge and Abadi 2006) were conducted for similar farming systems in the Western Grain Region. The difference between ours and those three studies lies in the economic modelling approach used (Appendix S2). Flugge and Abadi (2006) , Kragt et al. (2012) and Thamo et al. (2013) used the MIDAS model to estimate abatement cost. In MIDAS, all farm management practices are assumed to be optimised for net profits. The costs of abatement are estimated as differences between optimized profits obtained with and without carbon mitigation activities. This approach does not account for the reality that farms may not operate at the optimum. The distance function approach used in our study instead relies on observed farm operation data and does not assume observed farm inputs and outputs are optimal. Some farms may not use best management practices and are therefore not necessarily operating at profit optimizing activity levels. Hence, the opportunity cost estimates generated by the distance function approach are lower than estimates based on optimised farm operation scenarios such as those obtained from MIDAS modelling. We further compare our estimate with the average abatement costs of other economic sectors in Australia (Figure 6 ). McKinsey & Company (2008) estimated the average abatement costs for different sectors. Their results are summarized in Figure 6 . Our estimates for agriculture are lower than their abatement cost estimates for forestry, transport, power and building sectors. This indicates an important policy implication from our results: compared to other sectors, reducing emissions though broadacre agricultural mitigation is potentially more cost-effective.
For policymakers, the increasing trend in MAC suggests that abatement pricing policies need to accommodate or allow for changes in market prices. Specifically, in Australia, it requires the government to consider opportunity costs in the designed benchmark price in the proposed Emissions Reduction Fund. It is likely that landholders will not engage in GHG emissions mitigation activities if their abatement opportunity costs are not fully covered. In times when agricultural outputs prices are higher, governments may need to offer higher incentives. Finally, a number of issues should be considered when interpreting our results. First, MAC is a short-run partial equilibrium estimation reflecting the value of desirable agricultural products foregone to achieve the abatement in GHG emissions at the margin. It may be overestimated if the adoption of new technologies is progressing rapidly (Wei et al. 2013) . Second, the current analysis does not consider potential cobenefits brought about by agricultural abatement activities, such as biodiversity protection or soil quality improvement (Jackson et al. 2005; Garnaut 2011 ). On the one hand, farmers may benefit from such cobenefits, which would reduce marginal abatement costs. The additional (co-)benefits may generate public utility. In that case, policymakers could potentially provide higher carbon prices for those agricultural abatement activities that achieve additional (co-) benefits, or adjust down compensations to reflect private cobenefits.
Conclusion
In this study, we combine the results from on-farm GHG emissions calculations with an input-based distance function approach to estimate the marginal abatement costs (shadow prices) for a farming system in the Great Southern Region of Western Australia. This is the first attempt to analyse the marginal abatement costs of GHG for crop-livestock farming in the Australian Mediterranean broadacre agriculture sector.
The estimated results show that, in the study region for the period of 1998-2005, the mean abatement cost was $29.3 per tonne CO 2 -e (in 2013 Australian dollars). This increased over time, and farms with higher crop output shares were found to have higher marginal abatement costs.
Overall, our results indicate that mitigating GHG emissions in broadacre farming system is potentially an economically competitive option. Policymakers should consider including agricultural abatement in carbon abatement schemes. However, abatement schemes should allow for changes in market prices and adopted technologies that have significant implications for opportunity costs, and thus for the success of the schemes.
